Abstract: Models to predict binding constant (logK) to bovine serum albumin (BSA) should be very useful in the pharmaceutical industry to help speed up the design of new compounds, especially as far as pharmacokinetics is concerned. We present here an extensive list of logK binding constants for thirty-five compounds to BSA determined by florescence quenching from the literature. These data have allowed us the derivation of a quantitative structure-property relationship (QSPR) model to predict binding constants to BSA of compounds on the basis of their structure. A stepwise multiple linear regression (MLR) was performed to build the model. The statistical parameter provided by the MLR model (R = 0.9200, RMS = 0.3305) indicated satisfactory stability and predictive ability for the model. Using florescence quenching spectroscopy, we also experimentally determined the binding constants to BSA for two bioactive components in traditional Chinese medicines. Using the proposed model it was possible to predict the binding constants for each, which were in good agreement with the experimental results. This QSPR approach can contribute to a better understanding of structural factors of the compounds responsible for drug-protein interactions, and be useful in predicting the binding constants of other compounds.
Introduction
Serum albumin is probably the protein most extensively studied because of its abundance, low cost, ease of purification and stability [1] . It is the most abundant protein in plasma, where it reaches a concentration of about 40 mg mL -1 . This protein is extremely important from a biopharmacological point of view because of its ability as a major transporter of nonesterified fatty acids, as well as for different drugs and metabolites, to different tissues. Serum albumin allows solubilization of hydrophobic compounds and contributes to a more homogeneous distribution of drugs in the body and increases their biological lifetime [2] . Given the high concentration of this protein, the binding strength of any drug to serum albumin is the main factor for availability of that drug to diffuse from the circulatory system to target tissues [3] . This has stimulated much research on the nature of the drug binding sites and investigations of whether fatty acids, natural metabolites, and drugs compete with one another for binding to the protein [1, 4] . The studies on this aspect may provide information of the structural features that determine the therapeutic effectiveness of drugs, and become an important research field in life sciences, chemistry and clinical medicine. For a series of studies concerning the interaction between drugs and protein, it is necessary to determinate the respective binding constant (K). So far, many studies have been carried out to investigate the interaction of proteins with drugs by fluorescence spectroscopy [5] [6] [7] , FTIR [8, 9] and CD spectroscopy [10, 11] . Fluorescence techniques are one of the powerful tools in the study of interactions between drugs and plasma proteins in general and serum albumin in particular because of their high sensitivity, rapidity and ease of implementation. QSPR approach is based on the assumption that the behavior of a compound, expressed by any measured physical or chemical properties, is correlated with the
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Quantitative structure-property relationship study on the determination of binding constant by fluorescence quenching Quantitative structure-property relationship study on the determination of binding constant by fluorescence quenching molecular features of the compound, termed descriptors. After the calculation of the molecular descriptors, the commonly used linear methods, such as Multiple Linear Regression (MLR), Principal Component Regression (PCR) and Partial Least Squares (PLS), and non-linear models, such as Radial Basis Function Neural Network (RBFNN) can be used in the development of a mathematical relationship between the structure descriptors and the property. This approach has been successfully utilized for the prediction of many physical properties [12] [13] [14] [15] [16] [17] .
Given the importance of drug binding to BSA, it should be extremely useful to develop QSPR to predict the binding constant to BSA. This would allow speeding up of the design of new compounds with appropriate BSA binding properties and therefore the optimization of the pharmacokinetics. This approach has been successfully utilized for the prediction of many physical properties, and it is one of the main approaches in the area of binding affinity prediction [18] [19] [20] . To the best of our knowledge, there are no QSPR studies focused on the prediction of the binding constants of active traditional Chinese medicine constituents measured by fluorescence quenching until now. The main emphasis of this work is placed on modeling a relationship between the molecular descriptors of 35 compounds and the binding constants measured in different labs. The developed model was then evaluated by two other bioactive components of traditional Chinese medicines i.e. imperatorin and isoimperatorin, whose experimental results were determined in our laboratory. Meanwhile, the important structural features influencing the binding constant will give us some invaluable information for future research.
Experimental Procedures

Experiments of QSPR
Preparation of the data set
All the logK values and binding constants determined from fluorescence quenching at 298K for each of the 35 compounds were collected from the literature [7, . The chemical structures of the 35 compounds were shown in Fig. 1 , their names and logK were listed in Table 1 . The structures of the two bioactive components in traditional Chinese medicines (imperatorin and isoimperatorin) are listed in Fig. 1 . The logK values of them were determined at 298 K in our lab, using fluorescence quenching. The log K values for each of the 35 compounds were used to build the linear model, where the two compounds imperatorin and isoimperatorin, were used to evaluate the prediction ability of the model. 
Calculation of the Descriptors
To obtain a QSPR model, the compounds must be represented by molecular descriptors that retain as much structure information as possible. The descriptors were generated as follows: All the data sets were prepared using ISIS Draw [51] . The Hyperchem program was used to generate the preliminary molecular geometry optimization using molecular mechanics MM+ force fields [52] . The final optimization was obtained using the semiempirical PM3 [53] parametrization method present in the MOPAC computer program [54] . The output files were used for producing constitutional, topological, electrostatic and semiempirical descriptors by the CODESSA software package [55, 56] . These quantitative descriptors containing information on the inter atom connections and the shape, branching, symmetry, distribution of charge and quantum-chemical properties of the molecule. In this study, 752 descriptors were calculated for each compound. After the calculation of a large number of descriptors, the heuristic method in
Quantitative structure-property relationship study on the determination of binding constant by fluorescence quenching CODESSA was used to select descriptors to build the linear model. The heuristic method of the descriptor selection proceeds with a pre-selection of descriptors by eliminating: those descriptors that are not available for each structure; descriptors having a small variation in magnitude for all structures; descriptors that give a F-test's value below 1.0 in the one-parameter correlation; and descriptors whose t-values are less than the user-specified value, etc. This procedure orders the descriptors by decreasing correlation coefficient when used in one-parameter correlations.
Theory of stepwise multiple linear regression (MLR)
Following the pre-selection of descriptors, multiple linear regression (MLR) models are developed in a stepwise procedure. Multiple linear regression is the most widely used multiple linear modeling techniques. The following is the regression equation that was used:
Y=b 0 +b 1 X 1 +b 2 X 2 +K+b n X n
In this equation, Y is the property, that is, the dependent variable; X 1 to X n represent the specific descriptors, while b 1 to b n represent the coefficient of those descriptors, and b 0 is the intercept of this equation. As is well known, MLR can not be used to model complex data, since in most cases the number of explanatory variables exceeds the number of objects. Therefore, it is often used in combination with the stepwise procedure for variable selection [57, 58] . The selection of the best correlations proceeds as follows:
(1) starting with the top descriptor from the pre-selected list of descriptors, the two-parameter correlations are calculated using the following pairs: the first descriptor with each of the remaining descriptors, second descriptor with each of the remaining descriptors, etc. This procedure is continued until for some n-th descriptor where no correlations with an F-value above one-third of the maximum F-value for a given set are found. (2) The best pairs showing highest F-values in the two-parameter correlations are selected and processed further as the working sets. (3) Each of the remaining descriptors, if not correlated over r sig (descriptors are considered to be non-collinear below this value of their pair correlation coefficient) with the descriptors already included, is added to the selected working set of descriptors. If the resulting correlation gives F-value above F working n/ (n+1) (where n is a number of descriptors in the working set plus one), i.e. if this correlation is more significant than the working correlation, then this extended set of descriptors is considered for further treatment. (4) After all descriptors have been applied one-by-one and if the maximum number of descriptors, allowed by the user, is not yet achieved, then the best extended working sets, i.e. the sets with the highest F-values, are submitted to the procedure from step (3) . Otherwise the procedure is completed and the maximum number of descriptors of the best correlations was found. The goodness of the correlation is tested by the coefficient regression (R 2 ), the F-test (F), and the standard deviation (s 2 ). In short, the forward stepwise regression procedure consists simply in a step-by-step addition of the best descriptors to the model that leads to the smallest standard deviation (s), until there is no-other variable outside the equation that satisfies the selection criterion.
Fluorescence quenching
Materials
All chemicals were of analytical grade and were used as received without any further purification. BSA, purchased from Sigma (Deisenhofen, Germany), was used without further purification. All BSA solutions were prepared in the pH 7.40 buffer solution and the BSA stock solution was kept in the dark at 4°C. Imperatorin and isoimperatorin were purchased from the National Institute for Control of Pharmaceutical and Bioproducts (Beijing, China), and the stock solutions were prepared in ethanol. NaCl (1.0 mol L -1 ) solution was used to maintain the ionic strength at 0.1. Buffer consists of Tris (0.2 mol L -1 ) and HCl (0.1 mol L -1 ), and the pH was adjusted to 7.40 by adding 0.5 mol L -1 NaOH. The pH was checked with a ion 510 pH meter (Ayer Rajah Crescent, Singapore).
Apparatus and methods
Fluorescence spectra were measured with a CARY Eclipse spectrofluorophotometer (Varian, Palo Alto, USA), using 5/5-nm slit widths. The excitation wavelength was 280 nm, and the emission was read at 290 -420 nm. 0.5 mL BSA stock solution was transferred into a 5 mL volumetric flask, then 1.2 × 10 -3 mol L -1 imperatorin or isoimperatorin solution was added in different amounts to the flask to give a final concentration of 1.8 × 10 -6 -5.5 × 10 -5 mol L -1 . The mixtures were diluted with buffer solution (pH 7.40) to 5 mL and mixed thoroughly. Then the mixtures were kept at certain temperature for 30 min and the fluorescence intensity was measured. The temperature of sample was kept by recycled water throughout the experiment. Inner filter effect was investigated prior to the analysis. The absorbance at the excitation wavelength was 0.294 in the case of imperatorin and 0.165 in the case of isoimperatorin for the highest drug concentrations involved. However, since there are no previous reports in the literature for these compounds, no correction was performed.
Results and discussion
Results of the MLR
After the heuristic reduction, there were 156 descriptors left from the 752 descriptors calculated. Then stepwise MLR was performed to build the linear model. Good correlations of the descriptors with the experimental logK data were selected based on the correlation coefficient (R), Fisher criterion (F) and standard error (s) of the regression. After the selection of the best correlations accordingly, a five-descriptor MLR was used to build the model for the best correlation equation. In the regression model, FPSA-3 Fractional PPSA (PPSA-3/TMSA) [Quantum-Chemical PC] (FPSA) has the positive effect on the logK value, that is, the larger the descriptors value is, the larger the logK value. In contrast, PNSA-3 Atomic charge weighted PNSA [Zefirov's PC] (PNSA), HASA-1 [Zefirov's PC](HASA) , Min e-n attraction for a C-C bond (MEA) and Kier&Hall index (order 3) (KHI) receive negative coefficients in the regression, indicating that increasing these descriptors leads to lower binding constant. The value of the five descriptors, predicted and experimental values of logK were given in Table 1 . A detailed description of the linear model based on the thirty-five compounds is summarized in Table 2 . The correlation matrix of the five selected descriptors was shown in Table 3 . From Table 3 , it can be seen that the linear correlation coefficient value of each of the two descriptors is < 0.80, which means the descriptors are independent on the analysis. With the model built, the prediction results were obtained, the statistical parameters were R = 0.9200, F = 32.17 and RMS = 0.3305. Fig. 2 shows the predicted vs. observed logK values for all of the thirty-five compounds. 
Results of the Fluorescence Quenching
The fluorescence spectra of BSA in the presence of the different medicine concentrations were recorded in the range of 290 -420 nm with excitation wavelength of 280 nm (Fig. 3a) . From Fig. 3a , it could be seen that BSA had a strong fluorescence emission peak at 340 nm, whereas the medicine had no intrinsic fluorescence. The fluorescence intensity of BSA could be quenched by the two of the medicines, which indicated that there was interaction between the two compounds and BSA. Fluorescence quenching has two classifications, dynamic quenching and static quenching, which can often be distinguished by their differing dependence on temperature. Experimental results at 298K and 310K showed that the quenching constant decreased with the increasing temperature, indicating that the static quenching was dominant in the system. So binding constant can be obtained from the double logarithm regression curve [59] : (Fig. 3b) .
The double logarithm regression curve of BSA-quencher was linear in the whole measured concentration range of the medicines, and the logarithm of their binding constant (K, at 298K) of imperatorin and isoimperatorin to BSA were 5.03 and 5.20, respectively. The n values for imperatorin and isoimperatorin were 1.11, 1.02 at 298 K, and 0.98, 0.94 at 310 K. 
Predicted Results with MLR
Conclusions
QSPR models for binding constants of some compounds to BSA were developed using MLR based on five chemical descriptors. The developed QSPR model demonstrated good predictive capabilities for the binding constant values of imperatorin and isoimperatorin, which compared well with those measured in the lab. This paper provides a simple and straightforward way to predict the binding constants of a diverse set of compounds from their structures alone and give some insight into the structural features related to this property of the compounds. 
